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Abstract

Background: Breast cancer is the most common cancer in women, which has not been completely cured yet. The traditional ap-
proaches have low accuracy for breast cancer detection. However, intelligent techniques have been recently used in medical re-
search to distinguish infected individuals from healthy ones, accurately.
Objectives: In this study, we aim to develop an ensemble machine learning (ML) method to distinguish tumor samples from healthy
samples robustly.
Methods: We used an Imperial Competitive Algorithm coupled with a Fuzzy System (ICA-Fuzzy-SR) to identify the most influencing
features to recognize tumor samples. To evaluate the proposed method, we used the publicly available Wisconsin Breast Cancer
Dataset (WBCD).
Results: Benchmarking with the current existing leading methods indicates that our proposed method achieves 95.45% prediction
accuracy, which is 3% better than those reported in previous studies.
Conclusions: Such results achieve while our model is significantly faster than previously proposed models to solve this problem.

Keywords: Algorithms, Benchmarking, Breast Neoplasms, Fuzzy Tuning, ICA Feature Selection, Machine Learning, Sparse
Representation, Wisconsin

1. Background

When abnormal cells grow up in breast tissue, the re-
sult is to create breast cancer. This type of cancer is com-
mon in developing and advanced countries. The changed
lifestyle and hormone therapy are among the main rea-
sons for breast cancer. Diagnosing breast cancer at an
early stage helps initiation of less extensive treatment (1).
Most of the diagnostic methods are based on expensive
and time-consuming methods such as, surgery and mam-
mography screening. In developed countries, mammog-
raphy screening is a conventional method (2). However,
there is a need for new cost-effective approaches for early
diagnosis. Unfortunately, the typical strategy for detecting
breast cancer has failed to achieve high accuracy in diag-
nosis management and inaccurate alert rates. Therefore,
artificial intelligence (AI) and specifically, machine learn-

ing (ML) approaches are adopted to make smart decisions
(3).

During the past decade, machine learning (ML) tech-
niques have been widely employed to diagnose breast can-
cer for tumor feature extraction in order to increase diag-
nostic accuracy (4). Fuzzy logic is considered as a primary
method in ML to tackle this problem. Most applications of
this model are for the classification and feature extraction
of tumors in this field of the study. This method has been
employed for the classification of various tumors. Gerald
Schaefer et al. (5) employed a fuzzy logic method for the
classification of breast cancer using bilateral differences
among right and left breast areas. Also, Chen et al. (6) im-
plemented a fuzzy c-mean (FCM) method for the segmen-
tation of breast lesion in MR-images. In general, the fuzzy
logic method has been employed to decide on uncertain
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information. However, there is a need for dealing with the
cognitive uncertainties of the learning mechanism.

Artificial Neural Network (ANN), an advanced tech-
nique in cognitive science and machine learning, has also
been widely applied as a classification technique in cancer
diagnosis. Khan et al. (7) developed an ANN to classify can-
cer for multiple diagnosis groups in the presence of their
gene expression specifications.

Another important aspect of breast cancer research
is to select the most informative and relevant feature
for the identification process. Feature selection algo-
rithms help the diagnose algorithm for having input fea-
tures/attributes with more critical information. In this
study, we aim at using Imperial Competitive Algorithm
(ICA) to select more relevant features. ICA is an opti-
mization method in AI that performs neighborhood move-
ments and benefits from less dependency on the initial so-
lutions. It has a better convergence rate compared to other
optimization algorithms. Recently, ICA has been used in
optimization algorithms, dimensionality reduction, and
feature selection in many research topics such as medical
research (8), (9), and (10).

Weighting the selected features or important at-
tributes/features is a general method for highlighting the
input features in the diagnostic/detection applications.
The fuzzy system is one of the weighting methods that is
employed for automatic weighing on uncertain features
(11). The fuzzy system is proved to be practical in terms of
automated decision making to assign a suitable weight
to element. On the other hand, the manual weighting
is proved to be unable to select the most informative
features in comparison to fuzzy weighting (5).

The main objectives of this study are as follows:
l Investigating the state of art of the ML methods ap-

plied in breast cancer diagnosis.
l Performing the ICA (Imperialist competitive algo-

rithm) feature selection method.
l Fuzzy tuning of features.
l Performing a sparse representation method for clas-

sifying the breast cancer data.
l Analyzing the results of the proposed method.
To achieve the objectives, we first select the best fea-

tures through ICA and then use fuzzy rules to tune their
weights. We then perform the sparse representation algo-
rithm to classify the outcome of the dataset. The sparse rep-
resentation for classification (SRC) is employed when spe-
cific data transformation techniques are applied. In other
words, the main advantage of the sparse algorithm is ig-
noring the Euclidean distance between the samples when
learning the wrong description of a test instance in the
given dictionary (12).

The rest of this article is organized as follows. Section

2 presents a brief review of previous studies (literature re-
view), and Section 3 presents the applied methodology. The
proposed methods of applying ICA feature selection, Fuzzy
tuning of feature and sparse representation are described
in Section 4. The experimental results are presented in Sec-
tion 5, and finally, the conclusion is provided in Section 6.

2. Literature Review

Breast cancer, as one of the most common cancers, has
a high mortality rate in both developing and developed
countries. From the estimated 1600 cured cases of breast
cancer globally in 2012, 794 cases accrued in the more de-
veloped countries compared to 883 cases in the developing
countries (13).

Image processing and mammograms screening are
two most common breast cancer diagnosis approaches.
Computer-Aided Design (CAD) Mammography is aimed to
design a system with the ability to read mammograms in-
dependently in the presence of Convolutional Neural Net-
work (CNN) (14).

With the advancement of computational methods, ma-
chine learning and data science are now considered as
other significant contributors to medical science. For ex-
ample, Rule-Based Fuzzy Cognitive Map (RBFCM) is con-
sidered as an important approach to classify the poten-
tial breast cancer threatening factors using human expe-
riences and knowledge (15).

Williams et al. (16) employed the C4.5 (j48 is C4.5 ver-
sion of weka) decision trees and the naïve Bayes’ algo-
rithms to predict breast cancer risks in Nigerian patients.
In this study, C4.5 demonstrated better performance com-
pared to naïve Bayes.

In another study (17), Random Forest was demon-
strated to have the best classification performance for the
majority of the tested group, while in the case of masses
texture, Naive Bayes had the best performance.

In a different study conducted by Diz et al. (17), a data
mining method has been presented for breast cancer di-
agnosis in the presence of two breast cancer datasets. The
proposed algorithm was developed on WEKA to classify the
texture features.

One of the primary time consuming and challenging
tasks in this area is to filter all the information pertinent to
support the clinical disease diagnosis. For this reason, a hy-
brid K-means and support vector machine (K-SVM) method
was developed in (18) to extract useful information and di-
agnose the tumor. Using this model, they were able to sig-
nificantly improve breast cancer detection (18).

Artificial immune recognition system (AIRS) has been
successfully employed for diagnosing various diseases. In
the study by Saybani et al. (19), AIRS was applied to classify
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a tuberculosis disease. The proposed approach accurately
classified the tuberculosis cells. Also, in another study by
Saybani et al. (20), a hybrid AIRS-SVM, fuzzy logic, and real
tournament selection mechanism were presented to de-
tect the specified features of cancer cells in breast tissue.
The results indicated a promising high-performance pre-
cision.

To the best of our knowledge, ICA technique provides
on the highest accuracies among the other techniques for
classification purposes in breast cancer research and fea-
ture extraction. Also, it can be comfortably merged with
Computational Intelligence (CI) techniques to make hy-
brid methods.

Yaghoobi et al. (8) diagnosed breast cancer by Gray
Level Co-occurrence Matrix (GLCM) and cumulative his-
togram features. They used the texture attributes from
GLCM and presented the ICA feature selection method, de-
cision tree, and neural network for feature selection. They
showed that the ICA feature selection had better perfor-
mance in terms of accuracy rate in diagnosing breast can-
cer. In (9), the authors proposed an algorithm that used a
fuzzy expert system and the ICA as data mining methods
to diagnose coronary artery disease (CAD). In this study, a
fuzzy system and a decision tree were used to make correct
rules. Also, the ICA was employed to modify fuzzy member-
ship functions. Another application of ICA in medical re-
search was for selecting the parameters of Gabor filters in
retinal vessel segmentation (10). In this study, ICA reduced
the parameters of the Gabor filter from 180 to 20 with the
maximum accuracy for parameter selection. There are var-
ious dimensionality reducing and feature selection algo-
rithms, like PCA and Fisher (21). However, the results have
showed that the ICA feature selection algorithm after iter-
ative epoch for selecting beneficial features has better per-
formance in the low-dimensional dataset compared to PCA
and LDA (22).

Similar to ICA and Fuzzy system, the sparse representa-
tion for classification has extensive applications in medical
research. Al-Shaikhli et al. (23) used a sparse representa-
tion for local and global image information in 3D liver seg-
mentation. They used the K-SVD method for the learning
dataset. In (12), the authors applied the sparse representa-
tion based on the texture classification for CT lung images.
They explored characterizing lung textures with sparse de-
composition by different regularization techniques. Li et
al. (24), proposed contour sparse representation meth-
ods and organ location determination for organ segmen-
tation. They investigated the liver, kidney, and spleen.

Later on Jiang et al. (25), examined an images fusion
strategy in medical images. They decomposed medical
source images into low-frequency (LF) and high-frequency
layers. In this study, the WBCD benchmark was extracted

from the UCI (University of California Irvine) machine
learning repository and used for experimentations (Frank
and Asuncion 2010) make consistent referencing. WBCD
dataset included 699 samples which were collected from
needle aspirates from human breast cancer tissue. This
dataset consists of nine features from fine-needle aspirates
in the form of an integer value between 1 and 10. The
regular characteristics are Normal Nuclei, Uniformity of
Cell Size, Shape Single Epithelial Cell Size, Marginal Adhe-
sion, Uniformity of Cell, Mitoses, Bland Chromatin, Clump
Thickness, and Bare Nuclei. In the employed dataset, 65.5%
of the samples are benign, and 34.5% of samples corre-
sponds to malignant class (26).

3. Research Methodology

Figure 1 shows the architecture of the proposed
method for the detection of breast cancer based on the
ICA feature selection, Fuzzy tuning, and Sparse Represen-
tation.

The steps of the proposed method in Figure 1 are de-
scribed as follow:

1. Step 1: Splitting the dataset for train and test with
leave one out cross-validation (LOOCV) or K-Fold cross-
validation.

2. Step 2: Selecting the effective features on train-data
via the ICA feature selection algorithm.

3. Step 3: Weighting the features by Fuzzy tune on fea-
tures;

3.1. Weighting features of selected indexes on test-data.
3.2. Weighting features of selected indexes on train-

data.
This weighting is performed via Fuzzy tuning of the

feature.
4. Step 4: Performing sparse representation on dataset

samples. This step represents the discriminative sparse co-
efficient for each sample.

5. Step 5: Classification step using Euclidean dis-
tance for discriminating the new sparse representation of
dataset samples form a test sample of the dataset.

6. Step 6: Evaluation of the proposed method with sev-
eral measurements criteria such as Accuracy, RMSE, R, R2,
Sensitivity, and Specificity.

4. Proposed Method

4.1. ICA Feature Selection

There are various dimensionality reduction and fea-
ture selection algorithms such as Principal Component
Analysis (PCA), Fisher, etc. (21). However, the results show
that the ICA feature selection algorithm has been shown to
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Figure 1. The general architecture of our proposed method for Detection of Breast Cancer

be better in a low-dimension dataset (22). ICA has been in-
troduced, and its mechanism is explained in detail in (27).
In this study, the ICA feature selection was adopted to a BC
dataset to choose the most influencing features. The mech-
anism of the ICA is summarized in Algorithm 1 (Box 1).

According to the ICA procedure presented in Table 1,
the best empire in ICA has the best cost, and its selected
position is regarded as the best feature among all features.
For example, according to the regularization parameters
in Table 1, four elements among the nine features were se-
lected in this study.

Table 1 shows the results of the ICA feature selection.
The total number of populations was 200, and we selected
20 IMP randomly among the total population. One could
find the weakest empire and give its colony to the winner
empire. The total number of selected IMP was 17 for run-
ning the algorithm. The best cost was realized for IMP num-
ber 8. The best position of imperialist was [1,1,0,0,0,0,1,0,1]

where the value of 1 is the best feature selected by ICA, and
the value of 0 is the unselected feature in the dataset.

4.2. Tuning of the Attributes Using the Fuzzy System

The ICA feature selection method selected four fea-
tures, including: F1 (normal nuclei), F2 (uniformity of cell
size), F7 (bland chromatin), and F9 (bare nuclei candidate
as the best features). To make more differences between
the selected features, we utilized the fuzzy system to tune
the weight of each attribute. The fuzzy system produced
a weight as an output of the fuzzy rule-based system (28).
The mechanism of how fuzzy system perform is explained
in detail in (29). This weight was calculated through the in-
ference fuzzy rule-based system between F1, F2, F7, and F9
as the inputs of the fuzzy system.

Before applying the fuzzy system, we analyzed the data
statistically to make sure about the range of each input to
assign the proper membership function. In this case, the
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Box 1. Imperialist Competitive Algorithm (ICA)

Procedure

1. Generate an initial population

2. Calculate the initial population’s cost function

3. Sort initial population based on cost function values

4. Select imperialist state

5. Divide colonies among imperialists based on their cost function

6. Check the cost of all colonies in each empire

7. Assimilation:

8. If there is a colony which has a lower cost than its imperialist, then

9. Exchange the position of the colony and the imperialist

10. End if

11. Revolution:

12. Update the position of the ith empire

13. Calculate the empire’s total cost

14. Find the weakest empire

15. Give one of its colony to the winner empire

16. Check the number of colonies in each empire

17. If there is an empire without a colony, then

18. Remove the empire and give its imperialist to the best empire

19. End if

statistical analysis of BC sample features in two classes (be-
nign and malignant) showed that the value of features was
different in each class (see Figure 2). For example, the range
value of 1 to 3 are more common in F2 (uniformity of cell
size) among the benign class and the range value of 4 to 10
was more common among the malignant class. The statis-
tical analysis of features normal nuclei, uniformity of cell
size, bland chromatin, and bare nuclei are represented in
Figures 2A, 2B, 2C, and 2D, respectively.

Figure 2 shows the histogram of frequency values and
membership functions (MF) of each feature in the BC
dataset in two classes (benign/malignant). Also, the out-
put of membership functions is demonstrated in Figure 2.
Membership functions for input data in a fuzzy system are
determined based on the frequency of data in the selected
features. More details of the input and output of the fuzzy
system are presented in Table 2.

Table 2 shows the input features of the fuzzy system,
range, linguistic variables, and type of their membership
functions. It is worth noting that the de-fuzzifier method
in this FIS is the centroid.

4.3. Sparse Representation for Classification (SRC)

The SRC is considered as an active research field for
classification purposes. The signals potentially represent

a linear combination of atoms in an over-complete dictio-
nary. Therefore, SRC can be applied to various classifica-
tion tasks. It is based on the hypothesis that a prototype
is represented in linear matter with a few tutorials of the
same class. More technical description of SRC can be found
in (30) and (31). Algorithm 2 (Box 2) shows how the SRC
method in which the training data had two classes (ma-
lignant and benign ψ= [ψ1 ψ2]) and the testing data is Y.
The relationship between the training and testing data is
reported as Y=αi, 1 ψi, 1 +αi, 2 ψi, 2 + … +αi, ni ψ1, ni, where i is
the number of classes and ni is the amount of training data
in class i. To achieve the coefficient Aˆ in the minimization
problem is the main aim of the sparse algorithm in this
study. As l0 Minimization is NP-Hard problem, the l1 Min-
imization is replaced with l0 Minimization for solving this
optimization problem.

There are various optimization methods for solving
the minimization problem in the sparse representation
algorithm. Some of them include Orthogonal Matching
Pursuit (OMP), Orthogonal Recurrent Matching Pursuit
(ORMP), Lasso, FOCUSS, Basic Pursuit, and Pinv (complete
name) [19, 20]. More details about the parameters are re-
ported in the next section.

5. Experimental Results

Here we use WBCD dataset for the evaluation of the pro-
posed method. According to Section 4.2, the ICA feature se-
lection method was applied for selecting the most effective
feature. Therefore, four influencing features (F1: normal
nuclei, F2: uniformity of cell size, F7: bland chromatin, F9:
bare nuclei) were selected among the nine features with
regularization parameters as mentioned in Table 3.

The value of 1 in Table 3 indicates the selected features,
and the dash indicates the unselected features. It means
that all of the features were selected in row 1 (without fea-
ture selection) of Table 3, and features 1, 2, 7 and 9 were se-
lected based on the ICA feature selection method in row
2. As shown in Table 4, the accuracy rate of BC detection
is evaluated as follows:

State 1: Without feature selection, all of the features
(9 features) in the dataset were considered as usual (the
weight of each feature is 1). In this state, the accuracy rate
was 88.86%.

State 2: ICA feature selection: Four features were se-
lected by the ICA feature selection method. The accuracy
rate of 87.19% was achieved only with the four selected fea-
tures (weight of the selected features was 1 while others
was 0). In this state, the unselected features were elimi-
nated, and just four features remained for diagnosis and
classification.
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Table 1. The Result of the ICA Method on BC Dataset

Regularization Parameters Imperialist Position Cost Number of
Colonies

Population size = 200; revolution
rate = 0.3; epoch = 50; number of
Initial IMP = 20; number of IMP
after 50 epochs = 16

1 [1,1,1,1,1,0,0,1,0] 0.6924 11

2 [1,1,1,1,1,1,0,1,0] 0.6967 11

3 [1,1,0,0,1,0,0,0,0] 0.6924 10

4 [1,1,1,0,1,0,0,1,1] 0.6967 7

5 [1,1,0,1,1,0,1,1,1] 0.6924 10

6 [0,0,1,0,1,0,0,1,1] 0.6924 10

7 [1,1,1,0,1,1,1,1,0] 0.6924 10

8 [1,1,0,0,0,0,1,0,1] 0.6981 23

9 [1,1,0,1,0,0,1,1,0] 0.6952 13

10 [1,1,0,1,0,1,1,1,0] 0.6909 9

11 [1,0,0,1,1,0,1,1,0] 0.6924 6

12 [0,1,1,1,1,1,1,0,0] 0.6952 12

13 [0,0,1,1,0,0,1,0,0] 0.6895 8

14 [1,0,0,1,0,1,1,0,1] 0.6924 17

15 [1,0,1,0,1,1,0,1,1] 0.6938 9

16 [1,0,1,1,1,0,0,0,0] 0.6952 10

17 [1,1,0,1,0,0,0,0,0] 0.6953 7

Table 2. Input/Output of the Fuzzy System in the Tuning of the Selected Attributes

Input/output Input Linguistic Variables Selected by ICA Range Parameter Name Type of
Membership

Function

Input

(Low), (High) Yes 1 - 10 Feature 1: Clump Thickness

gbelmf

(Low), (Moderate), (High) Yes 1 - 10 Feature 2: Uniformity of Cell Size

- No 1 - 10 Feature 3: Uniformity of Cell Shape

- No 1 - 10 Feature 4: Marginal Adhesion

- No 1 - 10 Feature 5: Single Epithelial Cell Size

- No 1 - 10 Feature 6: Bare Nuclei

(Low), (Moderate), (High) Yes 1 - 10 Feature 7: Bland Chromatin

- No 1 - 10 Feature 8: Normal Nucleoli

(Low), (High) Yes 1 - 10 Feature 9: Mitoses

Output (V-Low), (Low), (Moderate),
(High), (V-High)

- 1 - 10 Fuzzy Weight

State 3: Manual weighting for the selected features:
In this state, the accuracy rates were achieved through
weighting the selected features (F1, F2, F7, and F9). This
weighting was applied to distinguish the effect of the se-
lected features. Weighting in this state was performed
manually in the range between 1 and 2 (the weight of the
selected feature was between 1 and 2 while others was 1).

State 4: Fuzzy weighting for selected features: The man-
ual weighting in state 3 was not reasonable for each dataset

and needed the repetition and experience for selecting
the best weight to achieve the best result. Therefore, the
tuning of attributes was performed by a fuzzy system to
weight the selected features. The fuzzy system produced a
weight as an output of the fuzzy rule-based system. The ac-
curacy of 95.45% was achieved when the fuzzy weight was
applied to the selected features.

According to the result of step 4 in Table 4,γ is the fuzzy
weight as an output of the fuzzy system. This weight was
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Figure 2. The histogram of frequency values and membership (MF) functions of each feature in the BC dataset in two classes (benign/malignant). A, The frequency values and
MF of normal nuclei; B, The frequency values and MF of uniformity of cell size; C, The frequency values and MF of bland chromatin; D, The frequency values of bare nuclei; E,
The membership function of the fuzzy output

calculated through inference fuzzy rule-based system be-
tween F1, F2, F7, and F9 features as the inputs of the fuzzy
system. Several numbers of samples and their calculated
fuzzy weights in the current dataset are shown in Table 5.

As shown in Table 5, the output of the fuzzy system
was applied to the selected features, and other features
remained unchanged. After feature selection and tuning
the attributes using a fuzzy system, sparse representation
was performed for each sample. Different sparse optimiza-
tion methods such as OMP, Pinv, FOCUSS, Basic Pursuit, and

ORMP were evaluated in this study. The values of evolution
methods including RMSE, R, R2, accuracy, and true/false
percentage on the detection of malignant/benign for sev-
eral numbers of sparse optimization methods are summa-
rized in Table 6.

The OMP (Orthogonal Matching Pursuit), sparse opti-
mization method, has a desirable result compared to the
other optimization methods in both the feature selection
and weighted functions for the ICA feature selection. True
positive, true negative, false positive, and false negative are
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Box 2. Algorithm 2 - Sparse Representation for Classification (SRC)

Sparse Representation for Classification (SRC) Algorithm

1. Input Training data (ψ = [ψ1 ψ2]),ψ1 = training data for class malignant,ψ2 = training data for class benign; testing data (Y)

2. Problem definition Y =αi,1 ψi,1 +αi,2 ψi,2 +…+αi,ni ψ1,ni , i = 1, 2 (number of classes), ni = number of training data in class i; Y = Aψ, (Y = Aψ + z, z = noise)

3. Coefficient vector A=[0, …, 0,αi,1 ,αi,2 , …,αi,ni , 0 , …, 0]∈Rn ; Aˆ = [Aˆ
1 Aˆ

2], Aˆ
i =

∣∣∣{αi,j}nij=1

∣∣∣
2

4. l0 Minimization arg min
∣∣∣A ∣̂∣∣

0
subjected to |Y − Aψ|2 < ε ; (l0 Norm NP-Hard problem and convert to l0 Norm)

5. l1 Minimization arg min
∣∣∣A ∣̂∣∣

0
subjected to |Y − Aψ|2 < ε ; arg min

∣∣∣A ∣̂∣∣
1

+ |Y − Aψ|2 ,λ = regularization parameter

6. Calculate residual ri (g) = |Y − Aδi(ψ)|2, i = 1, 2

7. Output Estimated labels for testing data; argi min ri (Y)

Table 3. The Selected Feature via the ICA Feature Selection Algorithm and ICA Regularization Parameter

Method Parameter F1 F2 F3 F4 F5 F6 F7 F8 F9

Without feature
selection

- 1 1 1 1 1 1 1 1 1

ICA feature
selection

Population size = 200; revolution
rate = 0.3; epoch = 50; number of

IMP = 20

1 1 - - - - 1 - 1

Table 4. The Procedure and Weighing of Features for Accuracy in Breast Cancer Detection

Method Weight F1 F2 F3 F4 F5 F6 F7 F8 F9 Accuracy

State 1: Without
feature selection

α = 1 α× F1 α× F2 α× F3 α× F4 α× F5 α× F6 α× F7 α× F8 α× F9 88.86

State 2: ICA feature
selection

α = 0;β = 1 β× F1 β× F2 α× F3 α× F4 α× F5 α× F6 β× F7 α× F8 β× F9 87.19

State 3: Manual
weighting for ICA
selected features

α = 1

β = 1.6

β× F1 β× F2 α× F3 α× F4 α× F5 α× F6 β× F7 α× F8 β× F9

89.17

β = 1.7 89.38

β = 1.8 89.79

β = 1.9 89.9

β = 2 90

State 4: Fuzzy
weighting for ICA
selected features

α = 1 γ = Fuzzy
weight

(Table 3)

γ× F1 γ× F2 α× F3 α× F4 α× F5 α× F6 γ× F7 α× F8 γ× F9 95.45

Table 5. Calculated Weights as the Output of a Fuzzy System for Several Numbers of Samples in the Dataset

Input Fuzzy System (a Selected Feature with ICA Feature Selection Algorithm) Output (Calculated
Weight with Fuzzy

Rule)

γ× Features (Data for Classification)

F1 F2 F6 F9 Weight (γ) F1 F2 F3 F4 F5 F6 F7 F8 F9

1 1 3 1 7.44 7.4 7.4 1 1 2 22.3 3 1 7.4

8 7 9 4 3.21 25.7 22.4 5 10 7 28.9 5 5 12.8

7 4 1 1 5.12 35.8 20.5 6 4 6 5.12 4 3 5.12

4 1 1 1 9.36 37.4 9.36 1 1 2 9.36 2 1 9.36

4 1 1 1 9.36 37.4 9.36 1 1 2 9.36 3 1 9.36

10 7 10 2 3.19 31.9 22.3 7 6 4 31.9 4 1 6.38

6 1 1 1 7.79 46.74 7.79 1 1 2 7.79 3 1 7.79

7 3 10 4 4.64 32.51 13.9 2 10 5 46.4 5 4 18.5

10 5 7 1 6.25 62.58 31.2 5 3 6 43.8 7 10 6.25

the true measurement percentage of detection of malig-
nant, true percentage detection of the benign, false per-
centage of detection of the malignant and false percentage
of detection of benign, respectively.

Figure 3 shows the accuracy rates among sparse op-
timization methods, both in sensitivity and in specificity
(Equations 1 The best approach has the highest value of sen-

sitivity and specificity. The range of values for sensitivity
and specificity are between 0 and 1.

(1)Sensitivity =
TruePositive

True Positive+ FalseNegative

(2)Specificity =
TrueNegative

TrueNegative+ False Positive
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Table 6. The Results of the Proposed Method for Weighting the Selected Features and Without Feature Selection

Method Sparse Optimization
Method

True Positive (Truly
Detect Malignant )

True Negative (True
Detect Benignly)

False Positive (False
Detect Malignant)

False Negative (False
Detect Benign)

RMSE R R2 Accuracy

Without feature
selection

OMP 94.32 83.40 5.03 16.6 0.7157 0.1495 0.1910 88.86

Pinv 53.49 99.17 46.51 0.83 0.7649 0.0871 0.2101 76.33

FOCUSS 9.17 98.75 90.83 1.25 0.8032 0.0427 0.0572 53.96

Basic Pursuit 8.73 98.75 91.27 1.25 0.8032 0.0398 0.0547 53.74

ORMP 94.97 82.15 5.03 7.75 0.7116 0.1437 0.1882 88.56

Weighting the
selected features

OMP 96.72 94.19 3.28 5.81 0.7285 0.1806 0.1940 95.45

Pinv 56.33 95.85 43.67 4.15 0.7546 0.0718 0.2160 76.09

FOCUSS 43.01 94.60 56.99 5.4 0.7640 0.0499 0.1926 68.80

Basic Pursuit 26.63 93.36 73.37 6.64 0.7640 0.0499 0.1926 60

ORMP 92.28 92.53 7.72 7.47 0.7246 0.1632 0.1926 94.40
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Figure 3. Result of calculated sensitivity and specificity value on several sparse op-
timization methods

As shown in Figure 3, OMP had the highest value in both
sensitivity and specificity. Figure 4 shows ROC Curves for
OMP, ORMP, FOCUSS, Pinv, and Basis Pursuit Sparse Opti-
mization Methods on the classification of the selected fea-
tures. Figure 4 shows the ROC plot, which measures the
area under the ROC that shows how well a parameter can
distinguish between malignant and benign classes.

According to Figure 4, the ROC curve for Orthogonal
Matching Pursuit (OMP) Sparse Optimization on the se-
lected features has the highest accuracy rate. After OMP,
ROMP demonstrate the best result compared to the other
methods. Figure 5 indicates the ROC Curves for OMP (the
abbreviation is already introduced) Sparse Optimization
with and without feature selection.

According to Figure 5, ROC Curves shows a better per-
formance for OMP Sparse Optimization on the selected fea-
tures with the fuzzy tuning compared to the other case, in
which feature selection had not been performed. Table 7
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Figure 4. ROC Curves for OMP, ORMP, FOCUSS, Pinv, and Basis Pursuit Sparse Opti-
mization Methods on the classification of the selected feature with ICA feature se-
lection algorithm

Fuzzy Tuning on Selected Feature 
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Figure 5. ROC Curves for OMP Sparse Optimization with and without feature selec-
tion

illustrates the performance of the proposed method com-
pared with some of the primary techniques.

As shown in Table 7, our proposed method achieves
95.45 percentage of accuracy rate, which is the best com-
pared to other primary techniques such as Multi-layer Per-
ceptron (MLP) and Logistic Regression (LR). It also demon-
strates better running time compared to MLP and LR.
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Table 7. Performance of the Proposed Method Compared with Some of Basic Meth-
ods

Algorithm Testing Accuracy Running Time

MLP 91.2 1.94

Logistic regression 92.5 0.23

Proposed method 95.45 0.0034

6. Conclusions

This study introduced a new multi-phase feature selec-
tion method that uses a fuzzy system integrated with the
ICA feature selection algorithm to robustly distinguish tu-
mor samples from healthy samples. To choose the most in-
fluencing features, it employs the spare algorithm to clas-
sify breast cancer. Our achieved results demonstrate the ef-
fectiveness of the proposed feature selection strategy. The
experimental results were optimized by sparse represen-
tation method, and we found that the Orthogonal Match-
ing Pursuit (OMP) was the best method in sparse repre-
sentation with feature selection. The promising result of
our proposed model suggests its possible usage as a sub-
stitute for medical invasive detection management. The
proposed hybrid ICA-Fuzzy-SR method with 94.52% accu-
racy and 0.7285 of RMSE rate demonstrated excellent per-
formance compared to current methods.
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